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Downstream Task

e Background: There are so many powerful LLMs nowadays! They have (O | Candidane (e q.. Summarization) Document - —
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e Question: How to decide which model to deploy for a given task? ' . — Model Selection @ :
" . _ (> GPT2 | — || @ — > = :

e Challenge: Traditional methods finetune all candidate models before 2 b u, | GPT-2 |---:
choosing the best one. But finetuning all LLMs is extremely expensive! 1 Agent ¢ |
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e Our Approach: We adopt an online model selection framework witha | { o } T (e.g- ROUGE) SummaryJ |
multi-armed bandits formulation to select the best model with minimal ! :

exploration (i_e_, ﬁnetuning COSt). Finetuning the Selected Model (e.g., GPT-2)

Figure 1: An illustrative example of online model selection for LLM summarization.

e Time-Increasing Bandits: The rewgrd of an arm first increases  Algorithm 1 TI-UCB
and then converges along with the times it is pulled. Input:
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confidence bound and change detection rationale. vy R -
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Theorem 1. Assume that 6 < 1/T, then the expected regret of . o &4;f A, (1) \
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1. Evaluation Metric: Empirical Cumulative Regret r) =)’ as— ) fis| - 5. Ablation on Change Detection Window Size:
=L = We vary the sliding window size to test the
2. Synthetic Model Selection: § — e ¥ sensitivity of TI-UCB performances.
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3. Classification Model Selection: * = e Findings:
Canonical classification models w2 2 : : - |
on IMDB review dataset = —an e e 7= e TI-UCB outperformed all baselines in online
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4. LLM Selection: — K performance for practical deployment of LLMs.
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